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General Instructions
The energy balance method, e.g. SEBS (Su 2002) , is structured around estimating the turbulent sensible heat flux (H) based on a parameterization method of the aerodynamic resistance. Remote sensing energy balance model needs an estimate of roughness length to characterize the momentum and heat turbulent exchange between the surface and atmosphere. An accurate simulation of the sensible heat flux (H) over vegetation from thermal remote sensing requires an a priori estimate of roughness length and the excess resistance parameter. Despite being the subject of considerable interest in hydrometeorology, there still does not exist a uniform method for estimating roughness length from remote sensing techniques.
The energy balance model performance is not always acceptable by scientists (Ershadi et al. 2014a; Michel et al. 2016) . The model uncertainties have either been attributed to: (i) errors in the roughness parameters (Timmermans et al. 2013) , (ii) land-air temperature gradient (Kwast et al. 2009 ), (iii) the vegetation fraction (Gibson et al. 2011), (v) the partitioning of the available energy (Webster et al. 2017 ). The SEBS model showed low performance over tall canopies, which was likely a consequence of the ignorance of the roughness sub-layer parameterization (Ershadi et al. 2014b) . Chen et al. (2019) reported that sensible heat is significantly underestimated by SEBS at forest sites due to a high value of excess resistance ( ).
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This study uses a turbulent diffusion method to simulate canopyair sensible heat. The performance of the roughness length scheme as described in (Chen et al. 2019; Chen et al. 2013 ) was used to calculate sensible heat flux. The energy balance (EB) model predictions of H for grass, crop and sparsely vegetated land compare favourably with observed values, when actual canopy height is given. H is significantly underestimated at forest sites due to a high value of in SEBS (Chen et al. 2019; Timmermans et al. 2013) . Among the different physical representations for the canopy, canopy-soil mixture, and soil component, it is found that such a high value in SEBS is caused by the high value for the canopy part. The reasons for this high were investigated from canopy-air physical process of turbulent diffusion. The enhanced SEBS energy balance (EB) model has been verified to provide accurate simulation over different canopy structures. Monthly mean net radiation flux is computed as:
EB model
where α is surface albedo retrieved from MODIS, GlobAlbedo product (Muller et al. 2012 
where σ is the Stefan-Boltzmann constant (5.67×10
). Land surface emissivity (ε) is derived as described in Chen et al. (2013) . LST is monthly mean land surface temperature derived from MODIS. The method developed by Chen et al. (2017) was used to calculate the monthly mean LST.
where k is the von Karman constant; is air density; * is friction velocity; is specific heat for moist air; is the monthly potential temperature at the land surface ( / . , =101.3 kPa and is the monthly ambient atmospheric pressure obtained from meteorological forcing data), derived from MODIS monthly mean LST data; is the monthly mean potential air temperature at reference height z (10 m above canopy), derived from ERA-Interim reanalysis 2 m air temperature;
is the zero plane displacement height, derived by remote sensing method; is the heat roughness length (to be discussed later); Ψ is the sensible heat stability correction function (Brutsaert 1999); and L is the Obukhov length.
The ground heat flux is assumed to zero.
The monthly evapotranspiration amount ( ) is computed by using a monthly mean evaporative fraction ( ), / , after deriving monthly mean H, and LE. ,
, the total monthly mean value of net radiation.
Input Data Sets for the global ET calculation
EB model inputs for the global ET calculation are coming from MODIS data while the others were obtained from ERA-interim reanalysis data. To avoid gaps in the time series of ET data, a specific selection of satellite-sensed datasets was done in this study. The satellite products used in this study is listed in Table  1 . Global monthly ET was estimated using the enhanced parameterization method (Chen et al. 2013) combined in the ET model. The model was driven by monthly remote sensing land surface temperature observations and monthly meteorological data (Table 1 ). An evaluation of the derived remote sensing monthly ET at 238 flux sites showed the MB (mean bias)/RMSE (root mean square error) for ET is 11.79/48.95, 6.26/33.79, 1.79/31.65 and -5.27/33.33 mm/month for flux towers in Australian, American, China and EU respectively. (Figure 1 ). The average MB and RMSE is about 3.6 and 36.9 mm/month
In practice, ET is derived from the bulk transfer formulation using measurements of other quantities. Any uncertainties associated with the satellite input will cause uncertainties in the evaluation of ET. Here, we have assumed that the foliage temperature is constant throughout the canopy layers, which make it easier to use MODIS LST to calculate the turbulent heat flux and ET. Meanwhile, it will introduce some uncertainties in the ET data. Fig. 1 Scatter density of the EB model estimates against monthly ET observation at 238 flux sites.
Comparison with GLEAM ET
The EB global ET (Figure 2 ) generally shows highest values in the tropics, lowest values in arid area, intermediate values in midlatitude regions. The general spatial patterns for our results (middle panel) are similar to that of GLEAM (Miralles et al. 2011) . However, our averaged annual ET estimates over the tropical forests of the Amazon and South Africa are lower than those from GLEAM. Our Sahel desert, Middle East, and arid deserts have ET estimates close to those of GLEAM. The EB ET estimates for the African Kongo and Niger River basin are higher than those of GLEAM.
Seasonal variation of the remote sensing ET at flux sites
The remote sensing ET product represents the seasonal variations very well at most of the flux tower points. Figure 3 shows time series of monthly ET simulation and in-situ observation at 12 China flux sites. The flux sites were often used to validate global ET dataset. Hereby, we also used them for the same purpose. The remote sensing ET dataset generally grasp the seasonal variation of ET.
Some of the ET error source at the flux sites is due to that ERAinterim net radiation. Part of the time lag in figure 3 can be explained by the errors in the different model input dataset. Figure 4 shows the spatial distribution of Chirps Precipitation minus ET from this study. It is clear that the ET over the North China, Nile delta, Indus river region, Texas, New Mexico, Kansas and western American are higher than their precipitation. These regions are agricultural land. Therefore, ET in these regions have a high dependence on irrigation. Meanwhile, the irrigation influence on the land surface ET has never been reported by other remote sensing ET dataset. Our result shows that the energy balance has a high promise to produce a global ET product which take into account irrigation impacts on the global water cycle.
Figure 4 Annual Precipitation minus annual ET (mm) from EB
Most of the currently available ET products have been listed in the Table 2 . Most of the products rely on one of several main calculation methods, such as Penman-Monteith, PriestleyTaylor and Surface energy balance. ESA WACMOS-ET project reports indicate that there is no single best-performing algorithm across all biome and forcing types among these algorithms . The ET products have used different satellite data. GLEAM is mostly based on microwave satellite data. CSIRO, MOD16, PB-JPL and ET-monitor, LSA-SAF use visible sensor data from several satellites. Table 3 : Available global/continental ET products based on satellite data Figure 5 shows the global maps of ET from MOD16, CSIRO, GLEAM, GLDAS, ERA-Interim and ET of this study. Their spatial pattern is generally similar. Meanwhile, there are some regions having a high difference. 
DISCUSSION
This paper presents an energy balance ET retrieval methodology; optical remote sensing data were used to describe the dynamic variation of land surface. ERA-Interim Reanalysis data was used to represent the variation in air temperature, wind speed, solar radiation. The fluxes of sensible heat and latent heat calculated with the enhanced SEBS energy balance (EB) model were closely correlated to the measured values. The spatial-temporal resolution of the ET product is adequate for many water resources and agricultural applications. It is also sufficient for studying global water balance.
The thermal status of land surface is described by using MODIS LST. Amazon tropical forest region has a relative bigger bias due to the gaps of LST in MODIS monthly product. More thermal remote sensed LST dataset are needed to improve the ET accuracy for the high cloud frequency regions.
